Abstract-Vehicular Mobility is strongly influenced by the speed limits and direction of the public roads. At the same time, the driver's behavior produces great influences in vehicular mobility. People tend to go to the same places, at the same day period, through the same trajectories, which le ad them to the appearance of driver's daily routines. These routines lead us to the study of mobility in VANETs under a social perspective and to investigate how effective is to explore social interactions in this kind of network. The work herein proposed presents the characterization and evaluation of a realistic vehicular trace found in literature. Our aim is to study the vehicles' mobility in accordance to social behaviors. With our analysis is possible to verify the existence of regularity and common interests among the drivers in vehicular networks. Finally, we discuss how the social metrics may be used to improve the performance of protocols and services in Vehicular Networks.
I. INTRODUCTION
Vehicular Ad hoc Networks (VANETs) are a special type of Ad hoc networks formed by vehicles with processing and wireless communication ability, traveling on streets or highways. Commonly, the vehicles can communicate directly or by the use of a roadside unit. Through this structure, vehicles can access network services and obtain data from other networks, such as Internet. Due to this nature, VANETs can be established in different environments such as in urban centers and highways [1] , [3] .
VANETs are proposed to assist the drivers in the transit, to avoid collisions, to provide entertainment to drivers and passengers, and to contribute to the creation of an intelligent traffic system. An important application of this type of network is to alert the driver about road conditions and imminent crashes. Recent studies show that 60% of car crashes could be avoided if the drivers were warned some seconds before the collision [3] . In this context, the interaction among vehicles can strongly contribute to broadcast an alert message and reduce the crash ratio [11] .
The communication in VANETs is influenced by mobility patterns of the vehicles: they move and stop according to the speed limits and directions imposed by the public roads. Furthermore, the day period can influence the vehicles mobility. In rush hours, the traffic can be slower and traffic jams can force the driver to stop the car or to change the route. This is a scenario where the vehicles density will be higher. In other hand, weekends and early mornings are considered quiet traffic scenarios, with low vehicles density. This density variation in different hours reinforces the characteristic of dynamic topology of VANETs, making the communication a challenging task in some scenarios.
The mobility is also influenced by the behavior of the driver and its routine. At the weekends, destinations like camping, malls, churches are chosen to leisure and entertainment, and are frequently visited. On the contrary, on weekdays people tend to repeat their paths at the same time and to the same destination, such as: school, work, university, restaurant, etc. In this context, it is likely to find vehicles sharing the same destination and having similar behavior, which suggests studying the mobility in VANET under a social network perspective.
In his paper entitled Small-World Problem [7] , Milgram presents the concept of social networks, showing that people with similar interests tend to relate among themselves. Other important concept is that there are people responsible for connecting groups of people that have a large degree of interaction in the network. In this work, we present a study of the social metrics applied in VANETs. Although similar evaluations can be found in literature [4] , [6] , [5] , our work differs from these by the fact that social metrics are used to characterize vehicles' mobility in realistic dataset. We also discuss how these metrics can be applied to improve the performance of some services or existing infrastructures in VANETs. In this context, we focus on the investigation of the following question: How effective is to look to a vehicular network under a social perception, considering the social behavior of the drivers? Through numerical analysis, it is possible to identify peculiar social characteristics in VANETs.
This paper is organized as follows. In Section II, we present a brief survey of the relevant related work. In Section III, we define the dataset used in the analysis, the metrics and the main assumptions of the modeling. In Section IV, we present the quantitative results according to each evaluated metric. In Section V, we discuss the perspective of applying the evaluated metrics on the design and evaluation of the VANETs protocols. Finally, in Section VI, we present the final conclusions of this work and future works.
II. BACKGROUND
In this Section, we survey available traces describing vehicular mobility as well as related works found in literature.
A. Vehicular Traces
Vehicular traces are a special dataset type that contains information about the trajectory of vehicles. Such traces are 1st International Workshop on Internet of Things Communications and Technologies (IoT '13) 978-1-4577-2014-7/13/$31.00 ©2013 IEEE attractive since they exhibit the real behavior of vehicles in a certain scenario. In literature, there are real and realistic traces. The real traces contain information collected from a group of vehicles, with the use of some localization system device (e.g. GPS). The realistic traces are created by the junction of maps of particular locality, traffic information of this locality, and a mobility' simulator. In this section, we describe traces commonly used to validate protocols.
San Francisco: This real trace describing mobility of taxi cabs in San Francisco [10] . Each taxi has a GPS receiver, and the trace contains GPS coordinates of 500 taxis, collected over 30 days, from May 17 to June 10 of 2008.
Zurich: A multi-agent traffic simulator, developed by ETH Zurich, created a realistic trace for the city of Zurich, Switzerland [8] . This trace contains public and private traffic with high levels of realism, reproducing the behavior of a large city during 24 hours. With 25, 000, 000 records (direction/speed) of 260, 000 vehicles, the trace covers an area of 250 km×260 km.
Shanghai: The SUVnet-trace is a real trace that has the GPS information from more than 4, 000 taxis in the Shanghai city [12] . This taxi group has been observed during 28 days, from January 31 to February 27 of 2007.
Cologne: The TAPASCologne Project is a realistic trace that reproduces with the highest realism the car traffic in the Cologne city, in Germany [2] . The process to make this trace includes important tools of the literature like: OpenStreetMap, SUMO simulator mobility, the information of traffic demand on the city. It brings information of 700, 000 records of individual car trips, during 24 hours in an area of 400 km 2 . Luxembourg: This is a realistic trace that presents commuting traffic over the area of Luxembourg [9] . It has been generated by the VehiLux model and augmented with Gawron's dynamic route assignment algorithm. The trace cover an area of 51km×44km during 11 hours and has 110, 188 records.
B. Related Work
The concepts of Social Networks have been explored in different research areas, mainly to understand the human mobility. In this context, the focus is to analyze physical encounters of the nodes in order to understand the network topology and to improve the performance of the network protocols. Moreover, in VANETs, social analysis can be used to assist the design of protocols, aiming the provision of better services to vehicles. Furthermore, it is important to observe the evolution of the traffic in specific areas and over the time, in order to improve protocols and services performance in VANETs.
In [4] , Fiore et al. present a deep analysis of the topological properties of VANETs. The authors use social metrics to investigate the temporal evolution of network topology. Results show how it is possible to take advantage of the vehicular mobility to improve the performance of network protocols. This work is based only in analytical mobility models.
In the same context, in [6] , the authors discuss how social metrics can be employed to improve the performance of the routing protocols in VANETs. The analysis, however, is based on a short period of only 2 hours. We argue that short observation period is not enough to extract social behavior in vehicular mobility.
Other social metrics investigation is presented in [5] . This work discusses several universal laws of social networks and presents numerical results of the real traces' evaluation. The authors have used two publics dataset San Francisco and Shanghai, describing taxis movements. The social metrics are estimated, and they show the existence of social routine in the VANETs, including the power-law distribution and small world phenomenon. This work however, only considers traces describing mobility of cabs, which has random trajectories with low probability to have routines or similar behaviors.
In [13] , it is presented a macro and microscopic evaluation of the Cologne trace. The macroscopic analysis involves the evolution of vehicular density and the dynamics of large-scale flows of vehicles through the metropolitan region. In addition, the microscopic analysis considers the distribution of vehicles in the area and the encounters among them. Through the performed evaluation, it is possible to observe the evolution of the traffic over the region and period. Also, the authors show the importance of considering the dynamics of the road traffic in the design of protocols and services to VANETs.
III. METHODOLOGY
This section details the studied trace, the modeling used to create the social graph and the evaluated metrics.
A. Trace Characterization
We decided to use the Zurich Trace [8] . This choice is due to two factors: (i) it represents a trace with records of personal vehicles describing people routines in an urban area; Traces such as San Francisco and Shanghai describe taxis decisions that are strongly dependent on the decisions of passengers that are randomly collected on the streets; (ii) the 24h of records are freely available, contrarily to 2h of the Cologne trace and the 11h of the Luxembourg trace. The Zurich trace represents the evolution of the urban traffic along the day, including the variation like rush hours and daybreaks. We can see this evolution in Figures 1(a) and 1(b). In these figures, it is possible to observe two intervals time that have the major amount of vehicles, called rush hours: 6 − 9am and 2 − 5pm.
The average speed is 25 km/h and in Figure 1 (a) we can see this variation. The minimum speed is around 1 km/h, which represents the presence of traffic jam in some places. Moreover, the maximum speed remains constant, around 30 km/h. This value is attributed to the vehicles far from downtown, which travel through streets with low traffic.
The whole trace has movement information of 260, 000 vehicles, and in Figure 1 (b), we can observe the distribution of these vehicles along the day. It is possible to see a concentration of vehicles in rush hours: 173, 470 vehicles at 7am, and 132, 633 vehicles at 3pm. When we compare Figures 1(a) and 1(b) in rush hours, it is possible to perceive a decrease in speed. This happens due to the high number of vehicles in the streets and highways, leading the drivers to reduce the speed or to stop the vehicles. We show in Figures 2(a-d) the heat map of the traffic evolution in the area. We choose to use the traffic from 6 to 7am, and from to 2pm to 3pm, in order to demonstrate the vehicles distribution over the city. In these figures, the black color represents the area with high vehicles density, and the yellow color represents the area with low vehicles density. As can be seen, the streets with black color in the center of figure represent the high traffic density at the center of Zurich. In addition, away from the center, the yellow color represents the low density streets. When we compare 
B. Modeling
The model considers the encounter among vehicles, i.e., when two vehicles are within communication range of each other. In VANETs, the vehicle-to-vehicle communication might be explored in order to increase the probability of the message to reach the destination and consequently, to increase the delivery ratio. Thus, the better understanding of the evolution of these encounters can help us to improve the network communication.
In our evaluation, we consider communication range of 100 m among vehicles, according to the protocol 802.11p. The Zurich trace describes mobility in urban areas and highways, where the average speed is 25 km/h. Therefore, according to this speed and the communication range, we consider the minimum contact time of one encounter equal 15 seconds(s). Thus, if two vehicles are inside each others communication range, at least for 15 s, we consider that an encounter happened.
Then, we map vehicles mobility and encounters described in the trace into a temporal graph. We first divide the whole trace into discrete time slots of duration t = 1h. Since vehicle traces usually describe fast changes in the topology, short time slots are recommended to better capture traffic changes. In addition, traffic peaks are usually assumed to happen in different hours of the day.
The graph at the time t is an undirected and can be formally defined as a graph G(t)
C. Metrics Evaluated
Below the social metrics chosen for this evaluation will be described considering the aspects and characteristics of the mobility of vehicles. As for vehicles mobility, we classify these metrics in macroscopic and microscopic metrics [13] . The macroscopic metrics represent measures of the network global state, which can portray the general behavior of all vehicles and the evolution of the temporal graph. The microscopic metrics define individual values for the vehicle representing the behavior of a unique vehicle. We select as macroscopic metrics the Distance, the Density and the Edge Persistence, and as microscopic metrics, we select the Node Degree, the Cluster Coefficient, and the Closeness Centrality.
Macroscopic Metrics:
Distance: this is a metric that comprises the length of a path between a pair of vehicles in terms of the number of hops. In VANETs, the distance can represent the existence of common interest among the drivers. If the distance between the vehicles v i and v j is high, it implies that they are physically separated, and probably they not visit nearby places. Otherwise, if the distance is small, v i and v j may tend to visit close places or have congruent trajectories. Generally, graphs with small world behavior have small distances.
Density: Represents how dense is the network, i.e., the amount of connections existent between the vehicles. In the context of VANETs, urban regions can have higher densities than rural areas. This is particularly correct in downtown region, where the traffic is slow and there are traffic jams. This metric compute the ratio between the number of existing edges e(t) in the graph and the number of edges of a complete graph |V ||V − 1|/2.
Edge persistence: is a metric that represents the persistence of an encounter among two vehicles. In this analysis, we consider the edge persistence as the number of times the vehicles v i and v j encounter over the time. We compute this metric in function of the edge weight, which represents the number of times that this encounter e ij (t) happens.
Microscopic Metrics
Node Degree: determines the number of distinct encounters that a vehicle has during a period. This metric can be influenced by the trajectory and the period of the day. If a vehicle passes through a region with higher density traffic or in a rush hour, its degree tends to be high. In other hand, in regions far from the downtown or in hours with low traffic, its degree can be low or null. As a formal definition, a vehicle v i at time t is defined by: Degree i (t) = ||{v j |∃e ij (t)}||.
Cluster Coefficient: this is a metric that evaluates how close are the neighbors of a vehicle v i in the graph, i.e., the probability that two neighbors of v i have already met. This metric can represent regions with traffic jam, describing a high cluster coefficient. Besides, if the network presents the small world phenomenon, its cluster coefficient will also be elevated [14] .
Closeness Centrality: This metric measures the centrality of the vehicle according to its distance to the others vehicles in the graph. The more central a vehicle is the lower is its total distance to all others vehicles. Despite being a global metric, its value can also show how central is the trajectory of a vehicle. Likely, a vehicle that travels only in downtown tends to have a low closeness centrality.
IV. NUMERICAL RESULTS
In this section, we focus on the analysis of the metrics discussed in the Section III. All results are computed using the temporal graph G(t), when t = 1h.
A. Distance
It is worth to mentioning this distance metric considers the number of edges that are between two nodes, without ponder their edge weight. In VANETs, this is a metric that can represents if two vehicles have visited common locations in close time, i.e., vehicles with the similar routine tend to have little distance. On the other hand, vehicles that travel in different times, or through distant regions tend to have big distances. The graphic in the Figure 3(a) shows the average of the graphs distance over time. It is possible to observe the behavior of the distance when the number of vehicles increases in network.
In the period where there is no traffic, the value of the distance is represented as 0, and the distance is not considered. From 4am, the distance increases with the growth of the number of vehicles. However, it is possible to note that the measured distances remain short despite of their increase when we compare to the number of vehicles circulating on the streets. For instance, the measured average distance at 7am is of 30 hops, while the number of vehicles is 173, 470. Other important point is that there is a similarity in the distance when we compare the two rush hours. In both hours, the distance increases with the traffic intensify. This happens because, when the number of vehicles in the street increases, there is a tendency to form queues of cars, and consequently increase the distance in the graph. Considering the number of vehicles and the length of distances, it is possible to conclude that this graph presents a small world behavior (i.e. great number of nodes and short distances present in social networks). 
B. Density
In this analysis, we evaluated the global density of the graph. Figure 3(b) shows the evolution of the network density over time. It is possible to observe that the evolution of the density does not exceed the value of 2%. Despite of the significantly traffic increase during rush hours, the density remains lower. This happens because the streets have direction restrictions and speed limits, which define the vehicles trajectory and the set of vehicles to possible encounters. Other factor that contributes to the low density is the traffic jam, which reduces the speed of the vehicles and prevents new encounters. In this situation, the vehicle tends to keep the same neighbors while it passes in a specific region. Furthermore, the density evolution shows that the limits imposed by public roads have an influence in the encounter probability of vehicles.
C. Edge Persistence
Persistence encounters happen due to drivers sharing similar routines, e.g. pass through the same path to go to work or back to home at the same hours. Hence, edge persistence may be used to identify mobility similarity among vehicles. We measure the edge persistence of vehicles at the two identified rush periods of the day, due to their higher number of vehicles and encounters. The repeated encounters percentage is then computed based on the comparison of the number of encounters happened among the periods 6 − 9am and 2 − 5pm.
In the former period, 376, 245 encounters happened while 338, 513 encounters happened in the latter period. The edge persistence for this analysis is 43% of the edges, indicating that a high amount of vehicles tend to have similar mobility in the city, with similar routines. Besides the restrictions imposed by streets, traffic lights, and speed limits, the path decisions of the drivers have a strong influence in the definition of their trip time and trajectory.
D. Node Degree
As previously discussed the traffic density in a metropolitan area varies over the day. In Figure 5 (a), we can observe this behavior. The rush hours present an increase in the max, average and median degree of the vehicles. At 7am, the graph presents the highest degree value of 1, 355, which may describe a vehicle that only crosses the streets with high traffic density and makes a big trip. A high degree value can be also seen at 4pm. However, when we look at the average value, at least 50% of vehicles present an increased, due to the traffic daily evolution. This is an acceptable behavior, because with the increase of vehicles it is expected a greater amount of encounters.
Many social networks have been considered as scalefree networks, i.e., networks that have a degree distribution following a power-law behavior. In Figures 4(a-d) , we present the degree distribution in rush hours. In these hours, we have approximately 100, 000 vehicles in each period. The curves in the graphs show that a power law describes well the degree distribution, which suggests that the Zurich graph is scale-free. We can see that few vehicles have a high degree, and the major amount of vehicles have a low degree, with values close to 10 2 . 
E. Cluster Coefficient
The cluster coefficient is a very important metric in social networks, since it represents the organization of the graph and how close are the neighbors of a node in the graph. In the context of a VANET, the cluster coefficient can aggregate the vehicles that go to the same direction, that have the same interests, or that pass through the same place. Figure 5 (b) presents the max, average, and median value of the cluster coefficient for temporal graph G(t) during a day. It is possible to observe that the max cluster coefficient is 1 in rush hours, showing that there are vehicles that all of their neighbors are connected. In metropolitan areas, traffic jams and intersection streets favor the clusters appearance, composed of vehicles sharing the same road and traffic conditions.
When we look at the average and median cluster coefficient values, we observe their increase during the rush hours. In particular, at 7am and at 4pm the average cluster coefficient is 0.5. This represents in average, 50% of the vehicle's neighbors had an encounter over the time. It is interesting to note that a network with a small world behavior has a high value of cluster coefficient, and the Zurich trace tends to perform as a small world network when the density of vehicles is high. This is due to the fact that with more vehicles, more encounters happen and more groups are formed. In addition, traffic jams contribute to form vehicles groups that have common junction points in their trajectories. Finally, it is worth to note the proximity between the average and the median values of the cluster coefficient, which is a good indication that the average is very representative value of the network cluster coefficient.
F. Closeness Centrality
The evaluation of the closeness centrality in a graph is important to understand how close are the nodes. In VANETs, this metric can quantify the proximity between the vehicles, and consequently better understand the mobility pattern. The Figure 5 (c) present the max, average and median values of the closeness centrality during a day.
By definition, the higher the value of the closeness of a node, the lower is relative distance to other nodes. Thus, in the graph, we can observe that the curve of closeness increases with the increase of vehicles number. This is due to the fact that with more nodes in the graph, there is a tendency to create more shortcuts between the nodes, and the distance tends to decrease. We can also observe that the maximum closeness value is close to the average and median. As the closeness considers the distance to all nodes, with a high number of nodes, this value tends to be low. This happens mainly in cases where we have many nodes with low degree. On the other hand, in periods of low traffic the value of closeness is very low, which indicates that the graph does not have a central vehicle.
V. SOCIAL PROPERTIES APPLIED In this work, we have analyzed a vehicular trace under a social perspective, aiming to characterize it according to metrics that lead us to comprehend the vehicular mobility. It is possible to make use of these metrics to improve the network performance of communication protocols and services, aiming to help drivers on their trip. In the following, we will discuss scenarios where the previously analyzed metrics can be used to improve the VANETs performance.
Infrastructure: The communication between vehicles can happen in three modes: vehicle-to-vehicle, vehicle-to-infrastructure, and in hybrid way, i.e., by combining the two others modes. In this context, determine the best locations to deploy roadside units, with the goal of providing continuous connectivity to drivers during their trajectories becomes a challenge. In macroscopic metrics, the information about the vehicles flows in the network can help in this task. For instance, the density metric that measures the number of encounters over time can be used together with the physical position of vehicles to assist in the deployment of new roadsides units, in order to maximize the network coverage. Using this metric, it is possible to detect places demanding high number of connections, which can require more roadside units installed, guarantee a good Internet access.
Network Protocols: Many are the challenges for the communication protocols in this type of network, such as the variation in density and mobility. Thus, providing secure communication and message delivery becomes a challenging task in many scenarios. An important issue for communication is to ensure message delivery in situations where the connection time between vehicles is minimal, and it is necessary to reach the largest number of vehicles as possible. In this case, making use of information provided by microscopic metrics can help deliver the message more efficiently. An example is the use of metric node degree, which describes the number of neighbors of a vehicle. Thus, choosing a vehicle more popular, i.e., with a larger number of neighbors, increases the chance of delivering the message to a wider group. Another important microscopic metric is the closeness centrality, which describes how central is the node in terms of the proximity to other nodes. The choice of central nodes to start the dissemination of information can ensure a wider delivery of the message. The metric density can also be used to promote the routing in the network, avoiding places with low density or disconnected.
Vehicular Applications: Applications in VANETs are proposed in order to assist the driver and guarantee a safe direction. In this scenario, various types of applications can be offered as security alerts, travel assistance in roads, and entertainment. However, every application has the requirement to ensure good performance. Thus, microscopic and macroscopic metrics can be used in different contexts. For instance, the metric edge persistence can be used to identify the drivers who have the same routine and enable resource sharing among them. In other scenarios, the metric cluster coefficient may be used to target a specific group of users, who have a common interest, such as publicity, alert messages and sharing resources. Vehicles belonging to the same group tend to have interests in common, or be physically close. Finally, drivers habitually use different location systems to find places or to create paths to an informed destination. However, such paths are usually built without considering the live information of the vehicles traffic. In this scenario, it is possible to use the metrics density of a region or the node degree of the vehicles, to infer traffic conditions, improving the suggested route.
VI. CONCLUSION In this work, we presented the social analysis of vehicular trace describing mobility in a large-scale metropolitan area. Using the realistic Zurich trace, we have characterized the mobility of vehicles according to macroscopic and microscopic social metrics. We showed the existence of similar behaviors and routines in the vehicles mobility. Furthermore, it was shown that the vehicles mobility could be characterized as a social network, following the laws of the degree distribution and the small distance between the nodes. It was also possible to verify that the use of social metrics can help in improving the performance of protocols, network infrastructure, and to propose new services to assist the drivers. As future works, we intend to extend the evaluation to traces with longer duration, aiming to analyze drives routine during different days of the week.
